We present results of using individual galaxies' effective redshift probability density information as a method of identifying potential catastrophic outliers in empirical photometric redshift estimation. In the course we develop a method of modification of the redshift distribution of training sets to improve both the baseline accuracy of high redshift (z > 1.5) estimation as well as catastrophic outlier mitigation. We demonstrate these using two real test data sets and one simulated test data set spanning a wide redshift range (0 < z < 4). We present these results in the context of "photometric redshift realism" and aim to show that the methods and results presented here can inform a 'prescription' that can be applied as a realistic photometric redshift estimation scenario for a hypothetical large-scale survey. We find that with appropriate optimization, we can identify a large percentage (>30%) of catastrophic outlier galaxies while simultaneously incorrectly flagging only a small percentage (<7% and in many cases <3%) of non-outlier galaxies as catastrophic outliers. We find also that our training set redshift distribution modification results in a significant decrease (>10%) in the percentage of outlier galaxies greater than z = 1.5 with only a small increase (<3%) in the percentage of outlier galaxies less than z = 1.5 compared to the unmodified training set. In addition, we find that this modification can in some cases decrease the percentage of incorrectly identified non-outlier galaxies by almost 20%, while in other cases cause only a small (<1%) increase in this metric.
INTRODUCTION
Soon, large scale surveys such as those done by the Large Synoptic Survey Telescope (e.g. Ivezic et al. 2008 ) will observe up to hundreds of millions of individual galaxies in a limited number of photometric bands. One important quantity that must be determined from the data collected in these surveys is each galaxy's redshift, which is a key measurement for practically every science goal in extragalactic astrophysics and cosmology.
The traditional spectroscopic method for determining redshifts is time consuming and therefore not practical for upcoming large-scale surveys. Redshift determinations for most galaxies in these surveys will instead rely on a quicker method of redshift estimation termed photometric redshift (abbreviated "photo-z" -see e.g. Salvato, Ilbert & Hoyle (2019) for a recent review). While faster, this method is less certain because it is based on a galaxy's measured bright-⋆ michael.wyatt@richmond.edu ness in a smaller number of wider wavelength bands of light compared with the traditional method. A crucial goal of the cosmological survey community is to develop methods of accurate photo-z estimation with well understood errors (e.g. Mandelbaum et al. 2019) .
Inaccuracies in photo-z estimation are often viewed in terms of different degrees of "outliers." Here we follow convention (e.g. Hildebrandt et al. 2010 ) and define outliers as those galaxies where O :
where z phot and z spec are the estimated photo-z and actual (spectroscopically determined if available) redshift of the object. For the most inaccurate photo-z estimations the term "catastrophic outliers" (hereafter COs) is often used. Although there is not a standard, universal definition of catastrophic outliers, we use a definition that is typical (e.g. Bernstein & Huterer 2010) :
O c : |z phot − z spec | > 1.0.
(2) Those galaxies whose photo-z estimates are sufficiently close to the actual redshift to not be outliers by the above definition are termed "non-outliers" (NOs). Because COs can have detrimental effects on the science goals of large scale surveys (e.g. Graham et al. 2018; Hearin et al. 2010; Bernstein & Huterer 2010) , mitigating them is therefore a crucial aim. One promising strategy could involve a method of identifying or 'flagging' potential catastrophic outliers, so that these galaxies could be excluded or de-weighted in statistical analyses.
One traditional class of photo-z estimation techniques are the so-called "empirical" or "training set" methods, which work by developing a mapping from input parameters to redshift using a training set of galaxies whose redshifts are known, and then applying these mappings to an evaluation set (e.g. Hildebrandt et al. 2010) . Empirical techniques encompass a variety of approaches including those involving machine learning. For this analysis we utilize SPIDERz (Su-Port vector classification for IDEntifying redshifts), a custom support vector machine (SVM) type machine learning classification algorithm -an example of an empirical method -which is available to the community 1 . As discussed in Jones & Singal (2017 , 2019 , SPIDERz has many customizable features, provides accurate redshift estimates on a variety of test data sets, and, crucially for this work, provides an effective redshift probability density function (EPDF) for each galaxy, which comes about naturally as a product of the SVM classification. The SVM works by comparing each possible redshift for a galaxy, divided into a user-inputted number of bins, and 'voting' for the more likely option for each pair, which naturally provides an EPDF for the photometric redshift of each galaxy consisting of the total votes for each bin. Because bins that are unlikely to be accurate are paired against each other this method artificially inflates some bins with lower probabilities of being correct. Because of this it is not a true probability density function, but an EPDF, and is sufficient for the methods presented here. Some example EPDFs for individual galaxies are shown in Figure 1 . For a single-valued discrete photo-z estimate, SPIDERz chooses the most probable bin of the EPDF.
In a previous work (Jones & Singal 2019) SPIDERz's naturally occurring EDPFs were noted as a method of potentially identifying and flagging potential COs, because galaxies with multiple widely separated peaks in redshift probability or without a clearly most probable redshift are more likely to be COs than those exhibiting a clear peak in probability, as can be visualized in Figure 1 . Preliminary results obtained there were promising, indicating that a relatively large fraction of COs (∼50%) could potentially be flagged while only flagging a relatively small fraction of the total NOs (<10%). In this work we will systematically explore the use of EPDFs as a method of flagging COs in photo-z determination using a range of test data sets, and use this in conjunction with a modification of the redshift distribution of training sets in order to provide a realistic potential 'prescription' for achieving robust, accurate, and well understood photo-z estimates in future large-scale surveys where the effect of COs -especially at high redshifts -is reduced. Although in a real survey scenario the redshifts of the evaluation sets would be unknown, here we use evaluation test sets with known redshifts in order to compare and test our results.
In §2 we present the test data sets used throughout this work. In §3 we discuss what we will term "photo-z realism:" what some photometric redshift studies have done that could be overly optimistic relative to future large-scale, severalband surveys with a large redshift range -such as LSST. In §4 we describe a novel method for flagging potential outliers in estimations and our method for optimizing this. In §5 we explain our novel method for modifying training sets in order to produce fewer outlier galaxies as well as better flagging results using our algorithm. Finally, in §6 we present our prescription for use in a realistic large-scale survey scenario.
TEST DATA
In order to systematically explore using EPDFs as a method of flagging COs in photo-z determination and the modification of training set distributions introduced above, we require test data sets with a large number of galaxies with photometric data as well as known redshifts over a wide range of redshifts and galaxy types. These sets could consist of either realistically simulated or real observed galaxy data. One test data set of real galaxies comes from the COS-MOS2015 photometric catalog (Laigle et al. 2016) with a separate redshift estimation collection (Ilbert et al. 2009 ), which contains particularly reliable redshifts derived from a very large number of photometric bands -such a large number over such a large wavelength range that it approaches what we will term a "quasi-spectroscopic redshift." The COSMOS2015 catalog provides photometry for some galaxies in up to 31 optical, infrared, and UV bands in addition to redshifts calculated from this photometry, so to Figure 3 . Estimated photo-z vs. actual redshift as evaluated with SPIDERz with five photometric bands using COSMOS-reliable-z (top) and COSMOSxSpecs (bottom) test data, with training sets as modified using the methods discussed in §5. Show in red are erroneously flagged NOs and shown in green are correctly flagged Os using the optimal flagging parameters found with the flagging method discussed in §4. Those points outside of the diagonal lines are outlier photo-z estimates as defined by equation 1. Given the density of galaxies in some of the regions of these plots, we also show the same results with a density visualization in Figure 4 . maximize the reliability of the known quasi-spectroscopic redshifts for our photo-z test purposes, we restrict the use of galaxies to those meeting the following criteria: (i) non-error magnitude values for at least 30 bands of photometry, (ii) for which the χ 2 for the Ilbert et al. (2009) redshift estimate is < 1, and (iii) for which the photo-z value from the minimum χ 2 estimate is less than 0.1 redshift away from the photo-z value from the peak of the pdf. These galaxies can be considered to have highly reliable previous quasi-spectroscopic redshift estimates. Applying these criteria result in a data set of 58,622 galaxies. We then limited the redshifts to z <4 in order to prevent the occurrence of unoccupied bins, which resulted in a total of 58,619 galaxies. These galaxies span an i-band magnitude range from 27.11 to 19.00 with a median of 24.08. Their redshift distribution is shown in Figure 2 . We will refer to this set as "COSMOS-reliable-z". For our test purposes, this test data set contains photometry for at least nine optical and infrared bands for each galaxy (u, B, V, r, i, z, Y, J, K), but for most purposes in this work we restrict photo-z estimation to the use of only five optical bands (u, B, r, i, and z). The top panels of figures 3 and 4 show a baseline photo-z estimate vs. actual redshift for the COSMOS-reliable-z test data set as evaluated with SPI-DERz with five photometric bands along with a visualization of which galaxies are flagged under the procedure discussed in §4.
In order to form another test data set of real galaxies with a somewhat different redshift distribution, we utilize a combination of several spectroscopic redshift collections (Hasinger et al. 2018; Salvato 2018; Momcheva et al. 2016) with the COSMOS catalog of magnitudes (Laigle et al. 2016) , which together forms a data set complete with 9 photometric magnitude bands (of which we generally utilize five for photo-z estimationu, g, r, i, and z). For spectroscopic redshifts we use the reported "best available" value and eliminate galaxies which are flagged as having their redshift determined from photometry or as being stars. Limiting the redshifts to z < 4, this results in a test data set of 25,831 galaxies. These galaxies span an i-band magnitude range from 26.67 to 18.00 with a median of 22.41. We will refer to this set as "COSMOSxSpecs." Figure 2 shows the redshift distribution for this test data set, while the bottom panels of figures 3 and 4 show a baseline photo-z estimate vs. actual redshift for the as evaluated with SPIDERz with five photometric bands along with a visualization of which galaxies are flagged under the procedure discussed in §4.
For a still different redshift and galaxy type distribution, we utilize simulated data from the BzK Deep lightcone mock catalog, with over 41 million simulated galaxies (Merson 2013) , as discussed in §3. We utilize the simulated photometric observations in the u, g, r, i, and z bands for photometric redshift estimation tests. This data in its raw form resulted in almost no CO photo-z estimates, which is itself an indication of (i) the reliability of the SPIDERz photo-z determination, and (ii) the potential perils of photo- z studies using simulated data. In order to make the data set more usable for this investigation, which requires some CO estimates, it was necessary to add simulated noise. We altered each magnitude value by a random positive or negative amount, distributed evenly, between zero and 15%. We also removed all galaxies dimmer than magnitude 28 in any band in order to better reflect real large-scale survey data sets, resulting in a test data set of over 10 million galaxies. The redshift distribution before and after these alterations is shown in Figure 2 .
PHOTO-Z REALISM
Many photometric redshift studies have been nonrepresentative to varying degrees of the challenges that will arise from upcoming large-scale surveys with a limited number of photometric bands and for which redshift estimates will be needed for galaxies spanning a large range of redshifts. In a realistic scenario, it will be vital for e.g. weak lensing science goals to perform photo-z estimations using just the available measured magnitudes in several optical bands and to accurately estimate redshifts for galaxies extending to z ∼ 2 and beyond. Importantly, we note that galaxies with redshifts higher than this, even if not directly the most relevant to weak lensing studies, are important because they can be mis-classified as lower redshift galaxies if COs, thus affecting other science goals. Because of this, we believe that galaxies extending to redshifts z ∼ 4 should be included in photometric redshift studies. In addition, in realistic scenarios the training set will be very small compared to the potential evaluation set, so we believe that photometric studies should utilize a training set that is significantly smaller in number than the evaluation set.
Here we aim to show the potential limits of optimistic photo-z studies in order to motivate a prescription which can be applied to photo-z estimations in future large-scale surveys in order to mitigate the effects of CO estimates.
While LSST will provide six bands of photometric data, some photometric redshift studies (e.g Hildebrandt et al. 2010 ) have utilized more, in some cases many more, bands extending into infrared wavelengths. The presence or absence of additional infrared bands has a significant effect on photo-z estimation accuracy. Figure 5 highlights an example of the degradation baseline photo-z estimation when reducing from nine bands extending into the infrared to five optical-only bands.
There are also issues with generalizing photo-z study results obtained with simulated data to real galaxy data scenarios. For example, using the BzK simulated test data set -even with the added noise and magnitude limit as discussed in §2 -with SPIDERz and five bands still results in an unrealistically accurate photo-z estimation, as can be seen in Table 1 .
Another potential scenario for large-survey photo-z estimation -unless measures are taken specifically to avoid it -is one in which the set of galaxies with spectroscopic redshifts available -i.e. those which can comprise a training set in empirical photo-z estimation -is not representative of the galaxies for which photo-z estimations are desired. To test this, we use a training set comprised of galaxies from one test data set and then evaluate on a subset of galaxies from a different test data set. Then, in an attempt to improve the estimation in a way that would be possible if the redshifts of the evaluation set were truly unknown, we alter the training set to match the distribution of the i-band magnitudes by bins of 0.1 of the evaluation set. Despite the matching i-band distributions the photo-z accuracy is poor in this situation, as shown in Table 1 . These 'mismatched' training and evaluation sets perform very poorly even when using BzK test data as a training set, despite BzK data having a redshift distribution which covers a much larger range compared to the two real-galaxy COSMOS test data sets, and thus potentially contains more combinations of galaxy type and redshift than the COSMOS sets. This indicates that training and evaluation set mismatches in galaxy types and other characteristics creates problems for empirical photo-z approaches. Because of this, we believe that it is essential that for future large scale surveys, the photo-z training set be formed from a subset that is as representative as possible of the overall galaxy sample for which photo-zs are desired. We return to this issue in §6.
FLAGGING AND FLAGGING OPTIMIZATION
Our method for using EPDFs to flag potential COs uses the heights and locations of peaks within the EPDFs, some examples of which are shown in Figure 1 . The flagging proce- Figure 6 . Several flagging reliability metrics for representative determinations using the COSMOS-reliable-z (top) and COS-MOSxSpecs (bottom) test data sets. We show results both for an 8,000 training set "baseline case" (solid lines) and a modified "evened" (discussed in §5) training set case (dashed lines). We show the percentage of flagged COs of the total number of COs in each redshift bin (green), the percentage of flagged NOs of the total number of NOs in each redshift bin (red), and the percentage of non-flagged NOs of the total number of galaxies in each redshift bin (blue). While the results of flagging on the base case are already significant, these graphs and metrics also show a clear improvement with utilization of the modified training set over the baseline 8,000 galaxy training set at higher redshifts. At higher redshifts, the modified training sets result in a decrease in the percentage of flagged NOs in the case of COSMOSxSpecs, or a non significant change for COSMOS-reliable-z with the baseline case already flagging a significantly small percentage of NOs. For both test data sets the modified training set results in a significant increase in the percentage of non-flagged NOs at higher redshifts, as well as an increase in the percentage of flagged COs. dure first identifies the maximum peak of a galaxy's EPDF, which corresponds to the most likely redshift and therefore the discrete single-valued photo-z estimate. If a second peak in redshift is above a predetermined minimum fraction of the height of the primary peak (p f ,min ) and farther than a predetermined minimum distance away in redshift from the maximum peak (∆z peak,min ), the galaxy is flagged as a potential outlier. This idea was explored preliminarily in a previous work (Jones & Singal 2019) and was found to be a promising strategy. Here, rather than attempting to find one optimal combination of these parameters for all data configurations, we instead optimize these parameters for each data configuration individually. The ultimate goal of the optimization of these parameters is to flag more COs while simultaneously flagging fewer NOs. However, simply increasing the ratio of flagged COs to flagged NOs generally results in an unacceptable number of flagged NOs in high redshift (z >1.5) bins. Due to the importance of galaxies of high redshift in many science goals, we wished to avoid this. Keeping this in mind, we utilize the following penalty function:
This penalty function is then applied to a "goodness function:"
which is simply the ratio of the total percentage of flagged COs to the penalty function. Each combination of parameters p f ,min and ∆z peak,min is then checked to maximize the goodness function, with the addition of a minimum cutoff of 30% flagged COs. Some visualizations of the effectiveness of flagging in this way can be seen in Figure 6 and some metrics are presented in Table 1 . We see that this method of flagging according to optimized p f ,min and ∆z peak,min values can ef- Figure 8 . Photo-z reliability metrics for representative determinations using the COSMOS-reliable-z (top) and COSMOSxSpecs (bottom) test data sets for an 8,000 training set "baseline case" (solid lines) and a modified "evened" training set case (dashed lines). These training set modifications are discussed in §5. We show results for the percentage of NOs of the total number of galaxies in each redshift bin (red), and the percentage of outliers (blue) and of COs (green) of the total number of galaxies in each redshift bin. These metrics show a clear improvement of the modified training set over the baseline 8,000 galaxy training set: especially at higher redshifts, the modified training sets result in a significant increase in the percentage of NOs, and a decrease in Os and COs for both test data sets.
fectively flag a large portion of COs while simultaneously flagging a much smaller percentage of NOs, and relatively small percentages of NOs even in high redshift bins, depending on the test data set.
TRAINING SET MODIFICATION
Here we explore modifying the redshift distribution of training sets in order to reduce the number of COs and to increase the efficacy of flagging. An example of one modification for each data set can be seen in Figure 7 . The modification of training sets involves creating a distribution of galaxies in redshift across the entire range of redshifts that is less heavily skewed toward lower redshifts to create what we will label an "evened" training set. In other words, we seek to increase the fraction of galaxies in the training set which are in the highest (usually underpopulated) redshift bins. With an eye toward formulating a useful prescription for large-scale surveys as discussed in §6 Figure 9 . Two representative redshift distributions for 10,000 galaxies randomly selected from COSMOS-reliable-z (top) and COSMOSxSpecs (bottom). Solid lines represent the redshift distribution for 10,000 galaxies randomly selected from their full respective data sets while dotted lines show the distribution for 10,000 galaxies which were selected by first randomly selecting 11,111 galaxies and then removing the dimmest 10% in i-band. The differences in these distributions highlight the differences that arise in a situation where some (in this case 10%) of the dimmest galaxies' spectroscopic redshifts cannot be determined for use in a training set compared to one where no galaxies are lost, as discussed in §6.
we do this in the following manner: we first randomly select a separate 8,000 and 10,000 galaxies from the full test data set. 2,000 galaxies are also randomly selected from the 8,000 galaxy subset to be used as a fiducial sample only for its redshift distribution. Because of the different redshift distributions of the two test data sets, the "evened" modified training set is then created slightly differently in the two cases. For the COSMOS-reliable-z test data set, the distribution of the 2,000 galaxy set is used from z = 0 to z = 1, then the number of galaxies in the z = 0.9 -1.0 bin is used as the value for each successive bin until a lower number of galaxies in a bin is found, usually around z = 2. The 8,000 galaxy distribution is used for all redshift bins above this. In the case of the COSMOSxSpecs test data set, the 2,000 galaxy training set distribution is used from z = 0 to z = 1 and the 8,000 galaxy training set distribution is used for the remaining bins. These modifications are visualized in Figure  7 . We see improvements by purposefully altering the training set to have a different redshift distribution than that of the evaluation set.
These modifications result in improvements in both the general reliability of the photo-z determinations (e.g. per- Figure 10 . The same flagging reliability metrics as Figure 6 but using the magnitude-limited COSMOS-reliable-z (top) and COSMOSxSpecs (bottom) test data sets for an 8,000 training set "baseline case" (solid lines) and a modified "evened" (discussed in §5) training set case (dashed lines). Magnitude limitation is discussed in §6. As with Figure 6 we show results for the percentage of flagged COs of the total number of COs in each redshift bin (green), the percentage of flagged NOs of the total number of NOs in each redshift bin (red), and the percentage of non-flagged NOs of the total number of galaxies in each redshift bin (blue).
centages of outliers and COs), especially at high (z > 1.5) redshifts, and improvements in the reliability of flagging. We see improvements in the reliability of flagging (visualized in Figure 6 ) in the form of significant reductions in the numbers of flagged NOs, especially at higher redshifts, as well as increases in the percentages of flagged COs. Improvements in the general photo-z reliability are visualized in Figure 8 . We see a significant increase in the numbers of NOs in the range z > 1 as well as decrease the number of COs in the range z > 1. The latter is particularly interesting because it seems to go against the convention of machine learning in which it is standard to desire a training set which is as closely representative to the evaluation set as possible. As shown in Figure 6 , although in the case of the COSMOSreliable-z test data set the percentage of flagged NOs resulting from the training set modification does not decrease like in the case of the COSMOSxSpecs test data set but rather remains very similar, it is important to note that the percentage of non-flagged NOs above redshift z = 1 of the total number of galaxies in each bin is increasing. This is because the modification causes more NOs at higher redshifts, so although in the case of COSMOS reliable-z, the percentage Figure 11 . The same photo-z reliability metrics as Figure 8 but using the magnitude-limited COSMOS-reliable-z (top) and COSMOSxSpecs (bottom) test data sets for an 8,000 training set "baseline case" (solid lines) and a modified "evened" (discussed in §5) training set case (dashed lines). Magnitude limitation is discussed in §6. As with Figure 8 we show results for the percentage of NOs of the total number of galaxies in each redshift bin (red), and the percentage of outliers (blue) and of COs (green) of the total number of galaxies in each redshift bin.
of flagged NOs remains similar, the number of non-flagged NOs is increased. Several metrics relevant to both of these categories of improvements are also shown in Table 1 . It is important to note that these improvements do not come about simply by virtue of having a higher number of high redshift galaxies, but by having a higher fraction of high redshift galaxies. This modification does not involve increasing the number of high redshift galaxies compared to the baseline training set distribution, but rather removes some lower redshift galaxies as seen in Figure 7 resulting in a training set that is actually smaller in number (although to compose this training set an equal number of galaxies is needed to begin with, as discussed in §6).
PRESCRIPTION
In section §3 we demonstrated that empirical photo-z results are poor when a training set is not drawn from the same survey data as the evaluation set, while in §4 and §5 we showed the possible utility of flagging potential COs and modifying training set redshift distributions when those training sets are drawn from the same survey as the evaluation set. Based on these conclusions and the results discussed in those sections and as seen e.g. in Table 1 , here we present a prescription for achieving useful photo-z estimation with reduced high redshift COs, efficiently flagged remaining COs, and increased high redshift non-flagged NOs in one realistic photometric estimation scenario for a hypothetical largescale survey with a limited number of photometric bands, starting from a large set (potentially millions) of observed galaxies for which redshifts are unknown and desired to be estimated:
(i) Obtain spectroscopic redshifts for a random subset of 18,000 galaxies (ii) Set aside a randomly selected 10,000 of these galaxies, to be used as a testing set for flagging parameter determination.
(iii) Modify the remaining 8,000 galaxies to have a more even redshift distribution by removing some lower redshift galaxies, as described in §5.
(iv) Train on the modified training set and evaluate on the 10,000 galaxy subset selected earlier to find the optimal flagging parameters which maximize the goodness function as discussed in §4.
(v) Estimate the redshifts of the millions of galaxies for which photometric redshifts are desired using the modified training set and flag potential COs using the found optimal parameters from step (iv).
This prescription is operable in principle for any campaign in which photo-zs are determined with any empirical method which provides probability distribution over redshift information for each galaxy.
Steps (iii) and (v) are necessary because the optimization routine works by using known redshifts in order to calculate the percentages of flagged NOs and COs. Because in real situations redshifts are not known for the evaluation sets, it is necessary to create a smaller evaluation set with spectroscopic redshifts in order to optimize the parameters for the full evaluation. In the case of the COSMOS-reliable-z data set, we find that 10,000 galaxies is the smallest number that produces consistent results in terms of finding the same optimized flagging parameters p f ,min and ∆z peak,min , while in the case of the COSMOSxSpecs test data set we find that even 10,000 galaxy evaluation sets do not find consistent optimal parameters across multiple randomizations. We have identified the cause of this as being certain galaxies which have a difference in a very small number (in some cases 1) of 'votes' in certain bins of their EPDFs. This is ultimately based on the difference in scaling of the magnitudes that occurs when galaxies which are extremal in magnitude do or do not make it into the randomly selected evaluation set due to the small number of galaxies in high redshift bins in the COSMOSxSpecs test data set.
The question could be raised as to whether it is realistic to expect that spectroscopic redshifts could be obtained for all 18,000 randomly selected galaxies. In order to explore this complication, we will assume (here for simplicity) that spectroscopic redshifts for the dimmest 10% (in i-band) of the 18,000 selected galaxies cannot be determined. As examples, the resulting effect of this on the redshift distributions of our real galaxy test data sets are shown in Figure 9. Figures 10  and 11 compare the baseline and modified "evened" cases for both COSMOS test data sets with the dimmest 10% (in i-band) galaxies were removed from the training sets. Table  Table 1 . Tallied for each determination are the percentage of galaxies which are outliers (O%), the percentage of galaxies which are catastrophic outliers (O c %), the percentage of galaxies above z = 1.5 which are outliers (O% > 1. , the percentage of galaxies above z = 1.5 which are non-flagged non-outliers (%N O n f > 1.5), and the optimal parameters used for flagging (p f , mi n and ∆z p e a k, mi n ) determined using the methods discussed in §4. Relevant to §3 we show results for determinations with 9 photometric bands, with the simulated BzK test data set, and "mismatched" runs which use training sets drawn from different test data sets than the paired evaluation set. Relevant to §5 we show results from determinations where some training sets have been modified to have a more balanced "evened" redshift distribution. Relevant to §6 we show results from determinations where the dimmest 10% of galaxies (in i-band flux) have been eliminated from the training set. Further details about these determinations are presented in the associated text section.
1 shows several metrics for various cases of determinations with SPIDERz, with and without magnitude limits. In order to evaluate these simulated "spectro-magnitude-limited" cases we follow the prescription, but start by randomly selecting 19,800 galaxies, and then remove the dimmest 10% of galaxies by i-band, then continue the prescription as described.
As in the non-spectro-magnitude-limited case, we find that using the COSMOSxSpecs test data set even with a 10,000 galaxy evaluation set, we are not able to find consistently the same optimal parameters as with the full evaluation set. However, in the case of COSMOS-reliable-z we are able to consistently find optimal parameters which are close to those of the full evaluation set, but not as close as with the non-magnitude-limited case.
CONCLUSIONS
This work presented two intertwined strategies for mitigating the effects of CO photo-z estimates for large-scale surveys with a small number of photometric bands available: (i) using EPDFs to flag potential COs and (ii) modifying training sets to reduce high-redshift COs and flagged NOs. We evaluated these strategies using galaxy test data sets described in §2 via analyses with SPIDERz, a custom support vector machine package for photo-z estimation which naturally outputs an EPDF for each galaxy. In §3 we discussed the challenges that result from having only a limited number of optical bands with which to carry out photo-z estimations, as well as those arising when a training set is not drawn from the same galaxy sample as the evaluation set for which photo-zs are desired. In this analysis we evaluate assuming five photometric bands (u, g or B as available, r, i and z) available for a hypothetical large-scale survey. While this may be overly pessimistic for LSST in particular which will feature six photometric bands (roughly the five preceding and a near-infrared y band in addition), in reality many galaxies will not have photometry in all six bands and/or will report large photometric errors in one or more bands (e.g Soo et al. 2018 ). Therefore we view five photometric bands as neither overly optimistic or overly pessimistic. In §4 we presented the strategy for flagging potential COs and showed some metrics of performance, indicating that a high percentage of COs can be flagged while simultaneously flagging a much lower percentage of NOs. In §5 we showed that relatively simple modifications to the redshift distributions of training sets can improve both high redshift photo-z accuracy and flagging accuracy. Based on these results, we present a prescription in §6 for applying these strategies to photo-z estimation in a large-scale extragalactic survey to achieve more accurate photo-z estimates and to mitigate the effects of CO estimates.
